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Nitrification is a matter of economic and ecological importance in nitrogen-tensive agricultural 
practices such as corn (Zea mays) grain production. When ammonium is bacterially oxidized into 
nitrate it becomes more susceptible to leaching and denitrification as nitrous oxide. The 
nitrification process not only adds to water and air pollution but also impacts on farm 
productivity by reducing grains yields and increasing fertilizer demands. Nitrification inhibiting 
fertilizer amendments can potentially improve grain yields by retarding the growth of nitrifying 
soil bacteria. Multiple field studies conducted across various locations and timespans have 
generated mixed results regarding the grain yield difference attributed to nitrification-inhibitor 
(NI) usage; likely due to diverse soil and climate factors and management practices. A 
quantitative meta-analysis can determine if grain yield differences caused by NIs (effect size) are 
statically significant across varying field conditions; and meta-regression can be used to 
investigate which variables have significant influence over effect size. Calculations of effect size 
homogeneity, between-study variance and between-group homogeneity all rely on inverse-
variance weights derived from the standard deviations of the grain yield means. Many field 
studies fail to report the variances of recorded grain yield means and thus cannot be included in 
parametric analyses for NI meta-effects. A database comprised of 266 Logarithmic-response 
ratio (LRR) effect sizes was derived from 36 separate field studies, yet only 185 (from 26 
studies) were utilized for SAS- and R-based meta-analysis and meta-regression. Both methods 
inferred a statistically-significant positive effect of NIs on grain yield at α=0.05. SAS- and R-
based meta-regressions also infer a statistically-significant positive correlation between NI 
effectiveness and lower yearly minimum temperatures, finer-textured soils, and higher clay, 




microbe metabolism, rates of environmental degradation of the NI molecules, and the rate of N-
cycling in the soil; all of which will entail back to NI performance regarding the degree of 
retention of N in its positively charged form. Repetition-based “bootstrapping” is a proposed 
non-parametric alternative to meta-analysis which utilizes repetition-based weights for effect 
sizes instead of variance-based, and thus can include a larger database for calculations of effect-
size homogeneity. Both SAS- and R-based bootstrap analyses generated marginally (but still 
statistically-significant) positive confidence-intervals from the 266 LRR values. Although the 
reliability of  these non-parametric techniques is questionable due to their inability to separate 
out within and between study variances, results were directionally similar to those from 
conventional meta-analyses. In order to improve meta-analyses for field data, such as evaluated 
here, the variances of any-and-all calculated effect sizes must be reported by authors, especially 
in field studies assessing agricultural products, as cumulative parametric analyses are expected to 








CHAPTER 1. INTRODUCTION AND LITERATURE 
Literature Review 
Introduction to Nitrification 
Nitrification is a two-part oxidation reaction carried out by numerous species of soil 
bacteria and archaea, including Nitrosomonas and Nitrobacter (Sahrawat 2008). When 
inorganic-nitrogen (N) fertilizer is applied to the soil as positively-charged ammonium (NH4
+) 
this natural process readily converts it into negatively-charged nitrite (NO2
-), and then nitrate 
(NO3
-). Nitrate can be leached from the soil profile and/or converted to nitrous oxide (N2O) via 
incomplete denitrification. Nitrate contamination of groundwater and waterways causes plethora 
of ecological complications such as eutrophication and hypoxic-zone formation (Davidson et al 
2012); methemoglobinemia can also be a severe human-health concern if drinking water is 
contaminated too. Nitrous oxide has a notably stronger greenhouse gas effect than carbon 
dioxide (×300) and also depletes ozone molecules (Robertson et al 2000).  
In nitrogen-intensive agricultural practices where excessive amounts of nitrogen-based 
fertilizer are added to the soil, nitrification not only contributes to surface, groundwater and air 
pollution but also impairs yield response to fertilization (Basche et al 2014). Since nitrogen is a 
highly limiting factor to corn production in the Midwest USA (Nelson et al 2008) it is common 
practice to utilize an “Enhanced Efficiency Fertilizer” to mitigate pollution and yield loss by 
retaining nitrogen in the soil profile throughout the growing season. This is sometimes 
accomplished using a modified form of the fertilizer, such as polymer-coated urea, which slows 
the release of ammonia available for nitrification (Nelson et al 2008). However, compounds 
applied with the fertilizer which directly inhibit the bacterial nitrification process via 




(dicyandiamide), are more commonly utilized in corn production (McCarty and Bremner 1989). 
DMPP (3,4-Dimethylpyrazole phosphate) is another bacteriostatic antagonist of Nitrosomonas 
that operates similarly to DCD, in that it is usually applied in-mix with a sulfonylurease inhibitor 
(Zerulla 2001). This is used more so in corn producing regions outside of the USA and Canada 
such as northern China. Recently developed “ATC” (4-Amino-1,2,4-triazole) has a stronger 
inhibitory effect than DCD and DMPP at soil temperatures ≥25°C and may serve as a viable 
alternative for growers in more tropical climates (Mahmood et al 2016). ATC maintains its 
inhibitory effect in alkaline calcareous soils too. 
Nitrification Inhibitors 
In theory, a field fertilized with an added nitrification inhibitor (NI) should produce 
higher grain yields and exhibit less nitrate runoff and nitrous oxide emissions in comparison to a 
field of identical conditions where no inhibitor was used. Decades of field studies on Midwestern 
corn production however have generated both positive and negative results in that regard (Cook 
et al 2015). The actual effectiveness of a nitrification inhibitor, that is the extent of its ability to 
stabilize nitrogen in the crop rooting zone, is dictated by multiple environmental and agricultural 
factors that are unique to the field where it is used (Nelson and Huber 1980).  Environmental 
variables mainly refer to soil and climate factors that are fixed with location and time; these 
include soil texture (sand/clay percentage), pH, CEC, bulk density (porosity), soil organic 
matter/carbon (SOM/SOC), and mean air/soil temperatures and annual precipitation. 
Management variables relevant to nitrification inhibitor performance mostly revolve around the 
“four Rs” of N-fertilization practices; source, rate, timing, and placement (Cook et al 2015). 
However; irrigation (Abalos et al 2014), tillage (Venterea et al 2005), and rotation history 




There are multiple routes of environmental degradation that an NI molecule can 
potentially undergo once in soil (Wolt 2000). These include: volatilization, sorption, leaching, 
chemical degradation (i.e. photolysis, hydrolysis) and biological degradation (i.e. microbial 
metabolism). All routes of environmental degradation are accelerated by excessively warm soil 
temperatures (≥ 25°C); except for sorption, which is enhanced at high pH (low CEC). 
Environmental conditions that are conducive of such routes of degradation can curb nitrogen 
stabilization enough to generate a poor, or negative, yield response to nitrification inhibitor use 
in field studies.  
Since NIs are bacteriostatic antagonists of nitrifying bacteria (Keeney 1980), conditions 
that are inhibitory to microbial growth are likely to work synergistically with nitrogen-stabilizing 
amendments. Nitrifier growth is significantly impaired when soil temperatures drop below 10°C 
(Forcella and Weyers 2007), and latitude-based recommendations for fall N-applications have 
been made for Midwestern cropping systems based off this principle. This can explain why a 
more positive response to NI usage is associated with delayed and early application-dates in fall- 
and spring-applied N respectively (Degenhardt et al 2017). Nitrosomonas spp. are obligate 
aerobes, and a high degree of water-filled pores can impair their growth too (Sahrawat 2008).  
Prolonged waterlogging of the soil profile can lead to more rapid denitrification however, 
which creates additional environmental issues associated with nitrous emissions. Alkaline soils 
(pH ≥ 8.0) also offset the beneficial effect of maintaining N in its ammonium form via enhanced 
rates of ammonia (NH3) volatilization. 
On the other hand, more efficient nitrogen stabilization is likely to be observed under 
environmental conditions that are conducive to faster rates of N-loss from the field; either as 




notion that under such conditions there is greater potential yield loss for the NI to mitigate 
(Abalos et al 2014). For leaching, these are typically course-textured (sandy) soils with low 
organic matter and frequent heavy rainfalls (Ferguson et al 2003). As for denitrification, it will 
be enhanced in soils with low porosity (high bulk density) subject to warm temperatures and 
prolonged periods of saturation (Ferguson et al 2003).  
This same principal can be applied to the effect of nitrogen application rates on yield 
response to nitrification inhibition in similar field studies. If nitrogen is applied below the 
recommended rate, a larger yield benefit is likely to be observed when a stabilizer is utilized 
because improved nitrogen retention in the root zone will compensate for any yield loss that 
would result from suboptimal fertilization (Linquist et al 2013). If application rates are at/or 
above recommended levels, observed yield benefits will be less significant as there is less 
potential yield loss for the inhibitor to mitigate. 
There are an array of overlapping conditions which affect rates of environmental 
degradation of the NI molecule through effects on soil-microbe metabolism and natural N-
cycling within the environment. Environmental conditions (and management practices) that 
influence these cycles can potentially affect the performance of NI amendments regarding the 
degree of N-retention and subsequent yield increase. 
Meta-Analysis as a Tool for Probing Response to Nitrification Inhibitors  
Obtaining consistent yield responses from studies investigating nitrification inhibitor use 
is difficult due to the above-mentioned confounding factors of environment and management 
practice. When there is a sizeable quantity of studies assessing a particular treatment, and when 
the data inconsistently varies across studies owing to numerous confounding variables, meta-




Meta-analysis can also be used to identify which variables have significant control over the 
effect size (and direction) of the observed treatment (Miguez and Bollero 2005). “Pairwise 
comparison” is the underlying basis of most meta-analyses; data from several different studies, 
usually encompassing a wide range of dates and locations, are pooled into the one database, with 
treatment and variables normalized across studies. Datasets are arranged into “study pairs”, two 
sets of data from the same study with identical variables, only differing by the presence/absence 
of a treatment of interest (for instance, application of a nitrification inhibitor). A typical approach 
to expression of such data is the calculation of the Log Response Ratio (LRR) to express effect 
size calculated as the natural logarithm of the ratio of treated observation (mean grain yield [Mg 
ha-1] with nitrification inhibition) versus controlled observation (mean grain yield [Mg ha-1] 
without nitrification inhibition). The LRR value of a “positive” effect size will be greater than 
zero, and vice-versa for “negative” effect sizes. Subsequent statistical analysis proceeds in a 
stepwise fashion to first determine the homogeneity in observed outcomes and then describe 
underlying factors that may confound the outcome observed in given instances (Miguez and 
Bollero 2005).  
First, homogeneity of the LRR values is calculated to determine if the overall effect size 
is significant at α = 0.05. This is usually presented at a 95% confidence interval, which is 
indicative of a significant effect size if it does not overlap zero (Hedges et al 1999). Calculations 
of between-study variance and between-group homogeneity are then needed to identify which 
categorical variables have significant control over the treatment effect size at α = 0.05, this can 
be presented as a confidence interval or a p-value (Hedges et al 1999). As for any continuous 
variables an individual regression analysis is performed against the LRR values to obtain a 




be conducted between the variables identified as statistically significant by the mentioned 
calculations if any interactions are suspected. These however must be performed at α = 0.01 as 
they are more prone to type I error (St-Pierre 2001). Most meta-analyses don’t take this 
additional step unless it is specifically needed for the research question.  
These analyses are typical of mixed model (MIXED) procedures, which are analogous to 
ANOVA, such that experimental grouping of effect sizes is a fixed effect while variation among 
all the calculated effect sizes included in the meta-analysis is attributed to random effects 
(Gurevitch and Hedges 1999). All these calculations can be conducted simultaneously in 
statistical software packages such as SASTM (SAS Institute 2012) as well as R-based software 
such as MetaWinTM, R-StudioTM and OpenMEETM (Wallace et al 2016).  
Systematic Review of Data is Important for Meta-Analysis 
For an effect size to be included in meta-analysis without complications it must be 
derived from observation values reported as means (μ) with replicate field-trial number (n). It 
must also have its within-study variance (vi) reported as a standard deviation (SD) or error (SE), 
and from this an inverse-variance weight (wi) may be calculated for the corresponding LRR. This 
approach assigns the effect size a “weight” which gives it representation proportional to 
experimental precision in the proceeding calculations of LRR homogeneity as well as among-
study variance/among-group homogeneity and any meta-regressions (Borenstein et al 2009). 
This is what separates between-study variance from within-study variance in all parametric 
methods of statistical analysis, meta-analysis included (Gurevitch and Hedges 1999). For a meta-
analysis to adequately separate out any “noise” created by the confounding variables, effect sizes 
can only come from dataset pairs with completely identical independent variables that only differ 




to remove any variables that are too highly correlated with each other (Philibert et al 2012). All 
studies involved must also be assessed for publication bias due to the likelihood of 
agriculture/ecology journals preferentially publishing studies with highly significant results over 
those with nonsignificant results; this can typically be done with a funnel-plot analysis (Philibert 
et al 2012). 
Limitations of Prior Meta-Analyses 
In an early meta-evaluation of field studies assessing NI usage in Midwestern cereal 
(mostly corn) cropping systems (Wolt 2004), effect size is expressed as a relative percentage 
instead of an LRR value (treated mean – controlled mean × 100/controlled mean). A total of 189 
effect sizes for grain yield were obtained from 28 separate field studies, with grain yield 
responses to NI amendments ranging from -20.1% to 60.9%. For 141 of these 189 effect sizes 
display a positive effect on grain yield associated with nitrification inhibition, generating a grand 
mean yield increase of 7.0% (±0.8%). These effect sizes however, were derived from 
unweighted data, and thus statistical significance could not be inferred from the positive trends 
observed for grain yield. Several of the observation value means that were used to calculate 
effect sizes were also derived from datasets that differed in N-fertilizer rates and/or N-
application timing, and thus confounding variable noise was not separated out either. 
Abalos et al (2014) and Yang et al (2016) conducted global meta-analyses assessing 
DCD and DMPP effectiveness in a variety of cropping systems (cereal, vegetable, and forage) 
utilizing data from field studies undertaken throughout the world.  These studies used a pairwise-
comparison to express effect size as an LRR value (Ln[treated mean/control mean]). The 
confidence-intervals obtained from these LRR values however, are exponentially transformed 




parameter of interest. In Yang et al (2016) the parameters assessed for NI effectiveness include 
nitrate leaching, nitrous oxide emissions, and “crop yield”. Subgroup meta-analyses are carried 
out for each of these parameters to separate out the confounding effects of soil pH, N-rate, N-
source and cropping system. From the 44 and 33 field studies assessing DCD and DMPP 
respectively, 102 and 66 effect sizes were obtained for crop yield. Both displayed statistically 
significant positive responses to NI amendments at α = 0.05. The “crop yield” differences that 
were used to generate the LRR values utilized in the analysis, however, encompass a variety of 
cropping systems; including cereal grains, forage, vegetables and industrial crops. When effect 
sizes pertaining to cereal-grain yield differences were separated out from general crop yield 
effect sizes (15 for DCD and 30 for DMPP) the generated confidence intervals for both NI 
compounds overlapped zero and failed to display statistical significance. 
In Abalos et al (2014) 160 effect sizes for “crop productivity” were derived from 27 
separate field studies. As with Yang et al (2016), subgroup meta-analyses are employed to 
separate out confounding soil, climate, and management factors. These included: soil pH, soil 
texture, climate zone, irrigation, N-rate and cropping system. A weaker crop productivity 
response was observed under alkaline soil conditions and fine soil textures for both DCD and 
DMPP. Thirty-two effect sizes (from 10 field studies) were separated out for cereal grains. Even 
though a statistically significant (α = 0.05) positive response was observed, the crop productivity 
parameter contains effect sizes calculated from observation means for both grain yield and 
above-ground biomass measurements. Thus, cereal grain yield response to NIs is not determined 
at statistically significant level by either of these meta-analyses; nor do they separate out 




Cook et al. (2015) developed a database of results from agronomic studies of enhanced 
efficiency fertilizers use in corn production undertaken primarily in the Midwestern USA (and 
states that neighbor the region such as Kansas). This database enabled a meta-analysis utilizing 
1248 observations derived from 46 field studies published between 1994 to 2014. Emphasis was 
primarily on nitrification inhibitor effect on grain yield, and secondarily with respect to soil 
nitrogen retention. The Cook et al (2015) meta-analysis was conducted only for observations of 
grain yield as there were an insufficient quantity of nitrous oxide and nitrate observations in the 
database. Significant reduction of agricultural N-pollution levels in response NI stabilization has 
nonetheless been documented in other meta-analyses (Akiyama et al 2010). 
The Cook et al. (2015) analysis was performed via direct modelling (using ANCOVA 
models) with grain yield (Mg ha-1) as a function of management/environmental variables and 
random effects. Three models were created for each of three major nitrogen sources in the meta-
analysis: anhydrous ammonia, UAN (urea ammonium nitrate), and urea. Other explanatory 
(categorical) variables considered for the model included: nitrification inhibitor source, 
application timing (fall, pre-plant, at planting, sidedress), nitrogen placement (broadcast, 
incorporated, surface/subsurface banding) and nitrogen application rate (kg N ha-1). 
Meteorological and soil (continuous) variables were recognized as random effects in all three 
models. Meteorological variables chosen for the meta-analysis were daily maximum and 
minimum temperatures (oC) and total rainfall (mm) for the growing season. Soil variables were 
texture, pH, soil organic matter and CEC. For studies where temperature and rainfall data were 
not provided, Daymettm (Thorton et al 2014) was used to obtain an estimate. Rotation and tillage 




UAN and urea, due to disproportionate availability of observations. Funnel-plot analysis found 
no evidence for publication bias in the studies used (Philibert et al 2012). 
Contrary to inferred hypotheses of the Cook et al. (2015) meta-analysis there was no 
significant yield improvement resulting from the addition of a nitrification inhibitor in all three 
nitrogen source models, with all chosen explanatory, soil, and metrological variables accounted 
for. In all three models, application timing was the only explanatory variable with significant 
effect on yield response. Nitrogen source itself was not a significant factor, neither was nitrogen 
application rate. For both UAN and urea there were an insufficient number of observations with 
data accounting for all the variables assessed by ANCOVA, thus modeling was unable to 
identify interactions between categorical and continuous variables. The significance of 
environmental (soil and climate) factors couldn’t be determined in this meta-analysis either. This 
outcome was attributed to insufficient yield observation data; several datasets were omitted from 
Cook’s meta-analysis due to a lack of reported variances (standard deviations [SD]/errors [SE]) 
for grain yield means (μ), rendering them unfit of subsequent statistical analysis. Data limitations 
have proven a common restriction to the development of reliable meta-analyses for nutrient 
management studies (Eagle et al 2017). 
Non-Parametric Alternatives to Meta-Analysis 
Field studies with no recorded variances for the mean effect size is a reoccurring issue in 
ecological and agricultural research, particularly where the effect size of interest is a grain yield 
response (Gurevitch and Hedges 1999). Resampling-based non-parametric techniques have been 
cited in the past as potential alternatives to meta-analysis in such situations (Adams et al 1997). 
These techniques utilize the replicate number (n) of an effect size mean in LRR weighting, 




[nc*nt]/[nc+nt]). This is performed under the assumption that the variance of an effect size mean 
(μ) is inversely related to the number of field replicates that generated the mean, and that SD2/μ2 
is equal for all field trials within an individual study (Efron 1992). Using “bootstrapping with 
replacement”, the average of set number of LRR values randomly selected from the database is 
calculated repeatedly. A 95% confidence interval is obtained by arranging the results in 
ascending order and removing the top and bottom 2.5% (Wicklin 2013). The accuracy of this 
technique is proportional to the number of averages obtained from random selection, 1000 is 
typical of bootstrap analysis although this number can be as high as 5000 in certain situations. 
“Randomization” works in a similar way to identify categorical variables with significant control 
over effect size (Groenigen et al 2015). With this approach, LRR values are sorted into groups 
for the variable of interest and a QB value is calculated by summing the squared differences 
between group average LRR and the overall average LRR.  
QB =   (average class effect size – overall effect size)2 
The LRRs are then randomly assigned to groups and the calculation is performed again, 
like bootstrapping this procedure is performed several times. The variable’s p-value variable is 
the fraction of repeats where calculated QB was larger than original QB (Groenigen et al 2015). 
Continuous variables can be transformed into interval-based categorical variables for 
randomization or analyzed via simple pairwise linear regression.  
The inability of non-parametric analyses to separate within-study and between-study 
variances can negatively impact the accuracy and reliability of these techniques (Gurevitch and 
Hedges 1999). Despite providing a convenient way to include more datasets in a statistical 
analysis, their robustness compared to parametric meta-analysis needs to be further assessed. 




opportunity to further explore the meta-effects of nitrification inhibition through a richer 

























CHAPTER 2. EXPERIMENT AND DISCUSSION 
Aim of Research 
The purpose of this study was to determine if nitrification-inhibitor (NI) usage has a 
statistically significant effect on corn grain yields across a variety of management- and 
environment-related variables via parametric meta-analysis; and to determine which variables 
significantly control the effect of NIs on corn grain yield via meta-regression. This study will 
also explore the usefulness of non-parametric alternatives to meta-analysis and meta-regression 
as a means of analyzing larger databases which include data from field studies that failed to 
report standard deviations/errors for observed grain yield means (necessary for inverse-variance 
weighting via conventional meta-analysis approaches).  
Hypotheses 
- A statistically significant positive effect (at α = 0.05) of NI usage on corn grain yields can 
be observed through both SAS- and R-based meta-analysis with a large enough database. 
- Non-parametric “bootstrapping” can serve as an alternative to meta-analysis when a large 
quantity of datasets in a database are not variance-weighted and thus omitted from 
variance-weighted meta-analysis.  
- Meta-regression can show which management and environmental variables significantly 
control grain yield response to NI usage.  
Methodology 
Source data 
Cook et al (2015) developed a database of results from agronomic studies of enhanced 
efficiency fertilizers use in corn production undertaken primarily in the Midwestern USA 




these data, 266 observations describing the effect of NI are available. Although the previous 
analysis of this data was able to discern an effect of NI on yield response in corn from among 
numerous enhanced fertilization practices (Cook et al 2015), the findings of the ANCOVA 
model remain uncertain. This is mainly due to a lack of statistical significance and the exclusion 
of several effect sizes from analysis (for having no assigned variance values for effect-size 
weighting). Such data limitations for agronomic studies have proven a common limitation to 
meta-analyses for nutrient management (Eagle et al. 2017). The Cook et al. (2015) database in 
Excel spreadsheet format (R Cook, personal communication) was used as the source data for the 
exploration of meta-analysis methodology influences reported here. The methodology for the 
systematic review and selection of the source data is reported by Cook et al. (2015).  
 Building/refining the database 
Prior to meta-analyses and subsequent regression analyses a database was built from the 
source data compilation and refined to focus specifically on the difference in corn (Zea mays) 
grain yield (Mg ha-1) incurred solely by the amendment of nitrification inhibiters (NI’s) to the 
soil. The source data used to build this database were derived from a series of separate field 
studies conducted throughout the American Midwest between 1994 and 2014 [appendix table 1]. 
Each “dataset” is represented as an average of observed corn grain yield values (Mg ha-1) 
calculated from replicate field trials with identical management, climate and soil variables. Thus, 
each grain yield mean should have an assigned replicate field trial number (n), a distinct set of 
independent variables (recorded in the field trial), and (if recorded) the standard deviation/error 
(SD/SE) of the grain yield average. Since variance recordings were absent in multiple field 
studies, two databases were created; one for variances-weighted data only and one for both 




grain yield that occurs as the result of nitrification-inhibiting fertilizer amendments; thus, 
datasets need to be subsequently arranged into “study-pairs”. Study-pairs are two datasets from 
the obtained from the same individual study that only differ in one district independent variable, 
which in this case is the presence/absence of a nitrification inhibitor (all other variables MUST 
be identical). The “effect-size” of the NI treatment, the focal point of the following statistical 
analyses, is expressed as the calculated logarithmic response ratio (LRR) of the difference 
between the treated and controlled grain yield means for that study pair:  












, 𝐿𝑅𝑅 = ln(𝑅𝑅) 
A positive LRR value (≥0) is indicative of a positive grain yield response to NI usage, 
whereas as a negative LRR value (≤0) value implies a poor or negative yield response. Since 
meta-analysis/regression is a parametric technique that is dependent on variance-weighting 
(Borenstein et al 2009), LLR values (derived from variance-weighted study-pairs) are assigned 
an inverse-variance weight (1/vi or wi) that is calculated from the standard deviations of the 
treated and controlled grain yield means: 












 The “variance-weighted” database consists of 185 LRR values derived from 26 separate 
field studies [Appendix table 2]; each with an assigned inverse-variance weight (1/vi = wi) and a 
replicate value (n). The “complete” database contains 266 LRR with only replicate values (n), 
derived from 39 field studies [Appendix table 3]. Nitrapyrin is the NI treatment of interest in 
most of these field studies; however, in some studies DCD (applied with sulfonylureas-inhibitor 
“NBPT”) was assessed instead. A Kolmogorov-Smirnov (K-S) test was performed to compare 




determine if the two treatments are similar enough to be treated as a singular dependent variable 
for this analysis.  
Deriving effect sizes from study pairs with identical values for independent variables 
separates out the confounding effects of those variables on effect size and assigns that effect size 
a distinct set of categorical and continuous variables which it can be regressed against. The 
management/environmental variables considered for regression analysis include: nitrogen (N) 
source, N-timing, N-placement, N-rate (Kg N ha-1), rotation status, tillage status, irrigation 
status, soil texture, soil sand (%), soil clay (%), soil pH, soil organic matter (SOM %), soil 
organic carbon (SOC %), soil bulk density (g cm-3), maximum daily temperature (°C), minimum 
daily temperature (°C), and total annual precipitation (mm). Field studies must have accurate 
recordings of all variables of interest for their grain yield averages to be utilized in regression 
analysis. Methods for source data acquisition and transformation to develop these variables is 
described in Cook et al. (2015).  
 Parametric analyses 
Inverse-variance weighting of effect sizes is essential for their incorporation into any 
parametric calculation, thus the “variance-weight dataset” will be utilized for meta-analyses and 
meta regressions performed by the SAS- and R-based software programs. SAS 9.4TM is the 
software of choice for SAS-based meta-analysis and meta regression. In SAS 9.4TM the 
parametric procedure must be manually coded into the console [see Appendix figure 2 for 
complete code manuscript], with the variance-weighted dataset imported as a .cvs file. The 
homogeneity test for effect sizes (LRR values) is conducted via PROC GLM methodology; and 
PROC MIXED for individual regressions of categorical and continuous variables. Both 




parameter from which a 95% confidence-interval (CI) for LRR values can be derived; p > |t| 
implies statistical significance. Meta-regressions are displayed as series of F-tests for each 
individual variable, with a corresponding P-value to signify whether they have a (significant) 
influence on effect size.  
OpenMEETM is an open-source, R-based software package developed specifically for 
statistical analysis of ecological data. Unlike SAS 9.4TM, the variance-weighted dataset can be 
directly copied and pasted into the program’s interactive spreadsheet in lieu of being imported. If 
all the required data is provided the proceeding meta-analysis and individual meta-regressions 
can be performed automatically without any manual coding [Appendix figure 3]. A 95% CI is 
automatically generated to visualize LRR homogeneity; and a series of P-values (derived from 
chi-square tests) is used to visualize the regression analyses of each individual variable. 
Categorical variables found to be statistically significant can be repeatedly regressed using 
different reference points for further investigation into how they control LRR values [Appendix 
figure 3]. Statistically significant continuous variables can also be individually regressed to 
investigate whether their influence on effect size is positive or negative (expressed as a 
regression model equation for that variable).  
 Non-parametric analyses 
In repetition-based bootstrapping LRR values are weighted by replicate number instead 
of variance and thus can be utilized to generate an effect size confidence-interval from a dataset 
which includes both variance-weighted and non-weighted LLR values. Manual coding (via 
PROC MEANS) in SAS 9.4TM [Appendix figure 4] requires the importation of a unique .txt file 
derived from data in the complete dataset [Appendix figure 5]. In this .txt file LRR values are 




replicate (n) value, a normalized weight %, a group number determined by LRR stratification, 
and a PCT value to represent the groups weighted proportion [see Appendix figure 6 for group 
stratification data].  
𝑤𝑟𝑒𝑝 =  
𝑛2
2𝑛




𝐺𝑟𝑜𝑢𝑝(𝑋) 𝑃𝐶𝑇 =  ∑ 𝑤𝑟𝑒𝑝%  𝑓𝑜𝑟 𝑔𝑟𝑜𝑢𝑝(𝑋)  
R-based Bootstrapping can be carried out automatically in OpenMEETM, the procedure 
however is rather slow compared to SAS, taking longer than an hour to reticulate splines 
[Appendix figure 7].  
Results 
Characteristics of the meta-data 
The data distributions for the Nitrapyrin (NI)- and DCD (NI+UI)-derived LRR values 
(Figure 1) were judged to be independent and identically distributed on the basis of the 
Kolmogorov-Smirnov (KS) test showing the distributions did not significantly differ (p=0.168). 
Therefore, data were combined into a single distribution for subsequent analysis (Figure 2). For 
the combined data shown in figure 2, the LLR value was > 0.0 in 57.14 % of observed instances. 
The LRR-value distribution of variance-weighted data was similar enough to the LRR-value 
distribution of combined data (K-S test, p = 0.78) and therefore the outcomes for the variance-





Figure 1. Distribution of meta-data for Nitrapyrin (NI)- and DCD (NI+UI)-derived meta data. Distributions 
do not differ (=0.05). 
 
Figure 2. Cumulative distribution of LRR for data pairs from 39 publications reporting comparable means 
for grain yield with and without added nitrification inhibitor. Data showing variance-weighted data (185 






























































SAS meta-analysis  
185 data-pairs were amenable to conventional meta-analytical approaches. For these data. the 
estimated intercept and standard error from the PROC GLM procedure generates a 95% 
confidence interval that has a lower bound and does not overlap 0, and the Pr > |t| is less than 
0.05, indicating that NI amendment has a positive effect on grain yield that is statistically 
significant at α = 0.05. 
(LRR = 0.007, 95% CI [0.003, 0.01]) 
SAS meta-regression  
Of the 18 variables analyzed as factors contributing to the overall meta effect, only soil 
textural class (Stexture) and % sand content (Ssand) were shown to have statistically significant 
influence on effect size at α = 0.05; soil organic matter (SOM), soil organic carbon (SOC) and % 
clay content (Sclay) all have statistically significant influence at α = 0.1(Table 1). Among the 
various attributes of the data analyzed, soil texture clearly is of overriding importance as a 
contributor to the effect of NI (p = 0.0037). When effect size is considered as a function of the 












Table 1. SAS meta-regression summary. 
Effect Numerator DF Denominator DF F-Value P-Value 
Nsource 2 168 1.53 0.2188 
Inhibitor 2 170 0.26 0.7177 
Ntiming 2 168 0.96 0.3864 
Nplacement 3 167 1.33 0.2669 
Rotation 2 168 0.17 0.8443 
Tillage 2 168 0.43 0.6526 
Irrigation 1 170 0.04 0.8444 
Stexture 3 167 4.66 0.0037 
Nrate 14 160 1.03 0.4299 
Ssand 18 157 2.09 0.0085 
Sclay 15 158 1.65 0.0670 
SpH 19 155 1.26 0.2198 
SOM 27 149 1.52 0.0607 
SOC 26 150 1.57 0.0510 
SBD 16 158 1.49 0.1083 
Tmax 10 161 1.50 0.1451 
Tmin 12 160 1.40 0.1697 






Figure 3. Mean response ratios (LRR) and  95% confidence intervals  for soil textural class as a factor 
contributing to nitrification inhibitor effect . 
R meta-analysis  
As with the SAS analysis, R meta-analysis showed the mean LRR (=0.007) has a positive 
95% CI lower bound and does not overlap 0, with p-value is less than 0.05, indicating that NI 
amendment has a positive effect on grain yield that is statistically significant at α = 0.05. 
(LRR = 0.007, 95% CI [0.001, 0.012]) 
R meta-regression  
Soil textural class (Stexture), % soil organic matter (SOM), % soil organic carbon (SOC) 
and annual minimum temperature (Tmin) all had significant influence on effect size at α = 0.05; 
annual maximum temperature (Tmax) has significant influence at α = 0.1 (Table 2). Individual 
regressions of significant continuous variables imply more positive LLR values associated with 
higher SOM and SOC values and lower Tmin values (more negative LRRs associated with 










Table 2. R meta-regression summary. 
Effect Q DF P-Value 
Nsource 3.86 2 0.145 
Inhibitor 1.82 2 0.403 
Nrate 1.18 1 0.278 
Ntiming 2.5 3 0.475 
Nplacement 5.83 3 0.12 
Rotation 1.16 2 0.56 
Tillage 1.2 2 0.548 
Irrigation 0.09 1 0.764 
Stexture 16.7 3 0.000818 
Ssand 0.459 1 0.498 
Sclay 0.042 1 0.837 
SpH 2.26 1 0.133 
SOM 6.71 1 0.00956 
SOC 6.68 1 0.00975 
SBD 2.69 1 0.101 
Tmax 3.84 1 0.0501 
Tmin 7.34 1 0.00673 






Figure 4. Individual R-based regression analyses for significant continuous variables at α = 0.05, expressed 
as regression model equations. 
The categorical variable of soil texture has four main covariates; Silty Clay Loam (SCL), 
Clay Loam (CL), Fine Silty Loam (F SL) and Course Silty Loam (C SL), based off of the 
USDA-NRCS soil texture pyramid (Figure 5). Effect sizes associated with SCL were 
significantly more positive than the other three covariates, implying that the strongest grain yield 
responses to NI amendments occurred in this soil texture class (Figure 6). The other three soil 
texture classes were associated with more weak/negative grain yield responses.  
The outcomes of both SAS- and R-based meta-regression identify the same categorical 
variable of Stexture to be of statistical significance but recognize differing continuous variables 




of uncertainty when regressing effect sizes against continuous values versus categorical, and 
differences between the two techniques in how continuous data is processed. Nonetheless the 
variables identified by both methods pertain to soil properties (except for Tmin). 
 










Figure 6. Individual regression analyses for the soil textural class (Stexture) variable with different 
covariate reference points. 
SAS- and R-based bootstrapping 
Both SAS 9.4TM and OpenMEETM bootstrap analyses generated similar mean effect sizes.  
(LRR = 0.014, 95% CI [0.011, 0.018] and LRR = 0.011, 95% CI [0.003, 0.018], respectively.)  
The 95% CIs showed positive lower bounds at 1000 replicates. The SAS result showed a 
somewhat greater overall variance than did the approach used in R. 
Discussion 
Unlike the analyses conducted by Yang et al (2016) and Abalos et al (2016), the meta-
analysis conducted here was able to generate an effect size confidence-interval specifically for 








though NIs only account for a 0.7-1.4% grain yield increase in this study, the 95% CI generated 
by a homogeneity test of the variance-weighted effect sizes does not overlap zero, and thus has 
statistical significance at α = 0.05 (Table 3). Repetition-based bootstrapping creates similar 95% 
CI that too doesn’t overlap with zero. Bootstrapping isn’t reliant on variance weighting and can 
allow for the inclusion for a larger number of effect sizes in tests of homogeneity, under the strict 
assumption that mean grain yield variance is inversely correlated with the number of field trial 
repetitions. If the SD2/μ2 values within studies are too heterogenous, then a bootstrap analysis 
may not accurately represent the 95% CI that would otherwise be generated is the entire database 
was capable of analysis by variance-dependent parametric techniques. However, there is no 
plausible way to test this assumption of a particular database if mean yield variances have not 
recorded in the field studies from which the data is derived. 
Table 3. Comparison of meta-analysis results for effect size as determined using various meta statistic approaches. 
Meta approacha Mean LRR 95% CI lower 95% CI upper Percent 
increaseb 
Variance-weighted (SAS) 0.007 0.003 0.010 0.7% 
Variance-weighted (R) 0.007 0.001 0.012 0.7% 
Bootstrapped (SAS) 0.014  0.011 0.018 1.4% 
Bootstrapped (R) 0.011 0.003 0.018 1.1% 
Unweighted 0.011 0.003 0.018 1.1% 
aVariance weighted analysis was conducted for 185 data pairs, Bootstrapping (with replication weighting) and 
unweighted analysis used 266 data pairs.  
bRelative increase in grain yield with added NI relative to control. 
The process of organizing the data into study-pairs separated out confounding variable 
noise and assigned independent variables to calculated LRR values; allowing for parametric 
regression to determine which field/management properties enhance (or impair) NI-induced 




content, and yearly minimum temperatures; all of which have relevance to metabolic activity of 
nitrifying soil bacteria, environmental degradation/removal of the NI molecule, and rates of 
natural N-cycling. A stronger concentration (higher percent value) of soil clay and SOM/SOC 
allows for a higher degree of NI adsorption to colloid surfaces, protecting the molecule from 
degradation by hydrolysis, photolysis and metabolism by soil organisms. Water percolates 
slower through finer-textured soil profiles too, which can reduce rates of N-loss via leaching. Of 
course, denitrification caused prolonged waterlogging can potentially offset this benefit. How 
effectively NIs retain N in the soil profile is also strongly tied to microbial activity; any 
conditions that impair microbial growth are likely to aid NI performance and resulting grain 
yield boosts. Cooler temperatures will slow most soil bacteria activity to a significant degree, 
nitrifiers included; in addition to slowing rates of environmental degradation and N-cycling. 
Retaining a higher portion of N in the soil profile by mitigation nitrification has both economic 
and environmental implications for farmers. More N taken up by crop roots increases grain 
yields and minimizes costs associated with N fertilizer; and reduces N lost from the field which 
will otherwise contribute to N pollution directly by contamination of groundwater and water 
ways, or indirectly by denitrification and release of nitrous oxide into the atmosphere. 
Across the studies observed in this analysis the percent difference in corn grain yield by 
NI amendments is roughly +1.0% (0.7-1.4).  In a typical 200 bu/acre setting this will lead to 
roughly an extra 2.0 bu/acre. If N removal by corn is roughly 1.0 (0.9) lb/bu, then a 2.0 bu/acre 
yield boost will entail the conservation of roughly 2.0 lbs of N per acre. Even though the positive 
effect of NIs can generally be visualized across a broad range of field conditions, it is marginal, 
and the benefits for farmers (environmental and agroeconomic) are more fully reaped in the 




management/environmental variables entail to efficient nitrification inhibition in order to utilize 
their maximum potential benefit. Farmers have little control over soil conditions outside of 
tillage/cultivation practices, temperature however can be managed by timing N and NI 
applications with cooler temperatures: late applications in the fall and early applications in the 
spring. Excessively wet soils have a high risk of soil compaction however, and this can 
potentially offset NI performance. A regression analysis performed on a larger database is 
needed to further refine the role of environment/management factors in NI performance and 
grain yield response. Attempts to accurately recreate regression analyses via non-parametric 
techniques have been unsuccessful however, and thus there is still no way to include data derived 
from studies with absent variances. 
Meta-analysis and meta-regression are recent concepts to ecology and agronomy. 
However, it is safe to assume that they’ll be more common in the not too distance future. As a 
field study “bottleneck” is reached for the testing of a certain agricultural product, further 
research into that products usefulness will become more reliant on cumulative statistical analyses 
of past studies. Yet a lack of variance-weighted data has been a reoccurring issue; many past 
studies have failed to provide the standard deviations/errors of recorded means, nor a means of 
recreating this data. It is likely that the results of these individual studies were not statistically 
significant, and that researchers may have omitted any recordings of effect size variance due to 
wariness of journal publication bias. The importance of reliable data recording and publishing 
integrity in academia requires must be better recognized and more strongly encouraged in order 







 Meta-analysis of data obtained from field studies infers a net grain yield response to 
nitrification-inhibitors across a variety of field conditions. Meta-regression of currently available 
data infers positive correlation between grain yield response and; finer grained soils, cooler 
yearly temperatures, and higher soil organic matter and soil organic carbon content. These 
conditions are either directly or indirectly relevant to NI-degradation rates, soil microbe 
metabolism, and rates of natural N-cycling, all of which affect grain yield response to NIs. A 
more thorough meta-regression will require a larger database of variance-weighted data. 
Accurate meta-regression serves as a means of maximizing the intended benefit of an 
agricultural product; knowledge of which variables tailor to positive grain yield responses can 
aid farmer decisions when utilizing NIs in corn (Zea mays) grain production (i.e. latitude-based 
N-application timing for fall applications). The prevalence of field studies without recorded 
variance values for grain yield means limits the quantity of data available for regression analyses 
and the accuracy of any subsequent results. This has the potential to become more problematic as 
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Figure 1A:  Calculations of effect size (LRR) and inverse variance weight (wi) 













𝐿𝑅𝑅 = ln(𝑅𝑅) 













Figure 2A: SAS coding manuscript for parametric analyses  
options nocenter ls=89 ps=51 pageno=1; 
title 'Meta-analysis SAS analysis'; 






set meta (firstobs=1 obs=185); 
Vi = (((SDtrt)*(SDtrt)) / ((n)*(Ytrt)*(Ytrt))) + (((SDctrl)*(SDctrl)) / ((n)*(Yctrl)*(Yctrl))); 
Wi = 1/Vi; 
Li = Log (Ytrt/Yctrl); 
run; 
 
/*homogeneity test for full dataset*/ 
 
proc glm data=nitrificationinhibitor; weight Wi; 
model Li =  ; 
ods output type3=SumS; 
run; quit; 
 
/*start of models for individual p values */ 
 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Nsource StudyID; 
model Li = Nsource / s; 
random int / subject=StudyID; 
ods output tests3=Nsource; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Inhibitor StudyID; 
model Li = Inhibitor / s; 
random int / subject=StudyID; 
ods output tests3=Inhibitor; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Ntiming StudyID; 
model Li = Ntiming / s; 
random int / subject=StudyID; 
ods output tests3=Ntiming; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Nplacement StudyID; 
model Li = Nplacement / s; 
random int / subject=StudyID; 
ods output tests3=Nplacement; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Rotation StudyID; 
model Li = Rotation / s; 
random int / subject=StudyID; 
ods output tests3=Rotation; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 




model Li = Tillage / s; 
random int / subject=StudyID; 
ods output tests3=Tillage; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Irrigation StudyID; 
model Li = Irrigation / s; 
random int / subject=StudyID; 
ods output tests3=Irrigation; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Stexture StudyID; 
model Li = Stexture / s; 
random int / subject=StudyID; 
ods output tests3=Stexture; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Nrate StudyID; 
model Li = Nrate / s; 
random int / subject=StudyID; 
ods output tests3=Nrate; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Ssand StudyID; 
model Li = Ssand / s; 
random int / subject=StudyID; 
ods output tests3=Ssand; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Sclay StudyID; 
model Li = Sclay / s; 
random int / subject=StudyID; 
ods output tests3=Sclay; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class SpH StudyID; 
model Li = SpH / s; 
random int / subject=StudyID; 
ods output tests3=SpH; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class SOM StudyID; 
model Li = SOM / s; 
random int / subject=StudyID; 
ods output tests3=SOM; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class SOC StudyID; 
model Li = SOC / s; 
random int / subject=StudyID; 
ods output tests3=SOC; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class SBD StudyID; 
model Li = SBD / s; 
random int / subject=StudyID; 
ods output tests3=SBD; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Tmax StudyID; 
model Li = Tmax / s; 
random int / subject=StudyID; 
ods output tests3=Tmax; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Tmin StudyID; 
model Li = Tmin / s; 
random int / subject=StudyID; 
ods output tests3=Tmin; 
run; 
proc mixed data=nitrificationinhibitor; weight Wi; 
class Pann StudyID; 
model Li = Pann / s; 
random int / subject=StudyID; 







set NSource Inhibitor Ntiming Nplacement Rotation Tillage Irrigation Stexture Nrate Ssand Sclay SpH SOM SOC SBD 
Tmax Tmin Pann  ; 
ods listing; 
proc print data = Ftests; var Effect NumDF DenDF FValue ProbF; run;  
 
















Figure 3A-2: OpenMEETM meta-regression procedure 
 
                                       




























Figure 4A: SAS coding manuscript for bootstrapping 
options nocenter ls=89 ps=51 pageno=1; 
title 'SAS Bootstrap Meta-analysis'; 
 
proc import out=work.sample 
datafile=' C:\Users\ehsul\OneDrive\Documents\NI research paper\Thesis\data\Complete dataset for SAS 




proc print data=sample;  
run; 
proc means data=sample nolabels alpha=0.05 clm mean; weight wrep; var LRR; 
run; 
%let NumSamples = 1000;   /* number of bootstrap resamples */ 
 
/* 2. Generate many bootstrap samples */    
proc surveyselect data=sample NOPRINT seed=1 
out=BootSSFreq(rename=(Replicate=SampleID)) 
method=urs              /* resample with replacement */ 
sampsize=266 
reps=&NumSamples;      /* generate NumSamples bootstrap resamples */ 
strata group / alloc=(.04065744 .34515571 .56920415 .04498270); 
run; 
Proc Sort data=BootSSFreq; By SampleID; 
run; 
Proc Print data=BootSSFreq; 
run; 
/* 3. Compute the statistic for each bootstrap sample */ 




output out=OutStats mean=weightedLRR;  /* approx sampling distribution */ 
run; 
proc means data=OutStats nolabels N Mean StdDev; 
var weightedLRR; 
run; 
/* 4. Use approx sampling distribution to make statistical inferences */ 
proc univariate data=OutStats noprint; 
var weightedLRR; 
output out=Pctl pctlpre =CI95_ 
pctlpts =2.5  97.5       /* compute 95% bootstrap confidence interval */ 
pctlname=Lower Upper; 
run; 










Figure 5A: .txt file for complete dataset 
Group LRR wrep _PCT_ 
1 -0.197280041 2 4.065743945 
1 -0.195478008 2 4.065743945 
1 -0.158216978 2 4.065743945 
1 -0.144902455 2.5 4.065743945 
1 -0.137907767 2 4.065743945 
1 -0.118512164 2 4.065743945 
1 -0.112174852 2 4.065743945 
1 -0.110942325 2 4.065743945 
1 -0.105332883 2.5 4.065743945 
1 -0.103082846 2 4.065743945 
1 -0.100618421 2.5 4.065743945 
2 -0.094424309 2 34.51557093 
2 -0.09269321 2 34.51557093 
2 -0.091078076 2 34.51557093 
2 -0.08932138 2 34.51557093 
2 -0.088332022 2 34.51557093 
2 -0.087655026 2 34.51557093 
2 -0.082521024 2 34.51557093 
2 -0.081997743 1.5 34.51557093 
2 -0.077587075 1.5 34.51557093 
2 -0.076867588 2 34.51557093 
2 -0.068363743 1.5 34.51557093 
2 -0.066665212 2 34.51557093 
2 -0.061557893 2.5 34.51557093 
2 -0.060808519 1.5 34.51557093 
2 -0.060288281 1.5 34.51557093 
2 -0.053011016 1.5 34.51557093 
2 -0.052736296 2 34.51557093 
2 -0.051672011 2 34.51557093 
2 -0.051293294 6 34.51557093 
2 -0.050229769 2 34.51557093 
2 -0.049813706 2 34.51557093 
2 -0.048445396 2 34.51557093 
2 -0.046012959 2 34.51557093 
2 -0.045837538 2 34.51557093 
2 -0.044865756 2 34.51557093 
2 -0.044357853 2 34.51557093 
2 -0.04405999 2 34.51557093 
2 -0.043442171 1.5 34.51557093 
2 -0.043427293 2 34.51557093 
2 -0.042296145 2 34.51557093 
2 -0.041720999 2 34.51557093 
2 -0.041524953 2 34.51557093 
2 -0.04067104 1.5 34.51557093 
2 -0.038949103 2 34.51557093 
2 -0.037601862 2 34.51557093 
2 -0.036859209 2.5 34.51557093 
2 -0.036367644 2 34.51557093 
2 -0.036304364 1.5 34.51557093 
2 -0.034718329 2 34.51557093 
2 -0.03470668 2 34.51557093 
2 -0.034423689 1.5 34.51557093 
2 -0.033901552 2 34.51557093 
2 -0.032714975 2 34.51557093 
2 -0.032552603 2 34.51557093 
2 -0.032228368 2 34.51557093 
2 -0.032025182 2.5 34.51557093 
2 -0.03188551 1.5 34.51557093 
2 -0.030792259 1.5 34.51557093 
2 -0.029949628 2 34.51557093 
2 -0.029516032 2 34.51557093 
2 -0.028825799 1.5 34.51557093 
2 -0.028061077 2 34.51557093 
2 -0.027454698 2.5 34.51557093 
2 -0.026272214 2.5 34.51557093 




2 -0.025306539 1.5 34.51557093 
2 -0.024667232 2 34.51557093 
2 -0.023465535 2 34.51557093 
2 -0.023181381 1.5 34.51557093 
2 -0.022728251 1.5 34.51557093 
2 -0.022728251 1.5 34.51557093 
2 -0.022648371 2 34.51557093 
2 -0.021935077 2 34.51557093 
2 -0.021824168 1.5 34.51557093 
2 -0.021322769 2 34.51557093 
2 -0.020872458 2 34.51557093 
2 -0.020137612 2 34.51557093 
2 -0.020024698 1.5 34.51557093 
2 -0.015989454 2 34.51557093 
2 -0.01513747 2 34.51557093 
2 -0.014913284 2 34.51557093 
2 -0.014815086 2 34.51557093 
2 -0.014337163 2 34.51557093 
2 -0.014306396 2 34.51557093 
2 -0.014155949 2 34.51557093 
2 -0.012766131 2 34.51557093 
2 -0.012628948 1.5 34.51557093 
2 -0.012558399 2 34.51557093 
2 -0.012154362 2 34.51557093 
2 -0.012109129 1.5 34.51557093 
2 -0.011928571 2 34.51557093 
2 -0.010628975 2 34.51557093 
2 -0.010436329 2 34.51557093 
2 -0.010016778 2 34.51557093 
2 -0.009966992 2 34.51557093 
2 -0.008540977 1.5 34.51557093 
2 -0.008445348 2 34.51557093 
2 -0.008268306 2 34.51557093 
2 -0.007625687 1.5 34.51557093 
2 -0.007483664 2.5 34.51557093 
2 -0.006436804 2 34.51557093 
2 -0.005809748 2 34.51557093 
2 -0.005415874 2 34.51557093 
2 -0.005020931 1.5 34.51557093 
2 -0.004918043 2 34.51557093 
2 -0.004066699 2 34.51557093 
2 -0.002962965 2 34.51557093 
2 -0.002939738 2 34.51557093 
2 -0.001088732 2 34.51557093 
2 0 2 34.51557093 
2 0 1.5 34.51557093 
2 0 1.5 34.51557093 
2 0 1.5 34.51557093 
3 0.002183407 2 56.92041522 
3 0.002670229 2.5 56.92041522 
3 0.002791998 2 56.92041522 
3 0.003879733 2 56.92041522 
3 0.004014183 2.5 56.92041522 
3 0.004398834 2 56.92041522 
3 0.004698521 2 56.92041522 
3 0.005102052 1.5 56.92041522 
3 0.005277057 2 56.92041522 
3 0.007506006 2 56.92041522 
3 0.008163311 9 56.92041522 
3 0.008298803 9 56.92041522 
3 0.008742163 2 56.92041522 
3 0.009056666 2 56.92041522 
3 0.009335795 1.5 56.92041522 
3 0.009382963 1.5 56.92041522 
3 0.009804 2 56.92041522 
3 0.010178205 2 56.92041522 
3 0.010435839 1.5 56.92041522 
3 0.010582109 2 56.92041522 




3 0.011890747 2.5 56.92041522 
3 0.012481484 2.5 56.92041522 
3 0.013363228 2 56.92041522 
3 0.015182073 2 56.92041522 
3 0.015332498 2 56.92041522 
3 0.016260521 1.5 56.92041522 
3 0.016371443 2 56.92041522 
3 0.016777435 1.5 56.92041522 
3 0.017285636 1.5 56.92041522 
3 0.017590603 2 56.92041522 
3 0.017866014 1.5 56.92041522 
3 0.018087118 2 56.92041522 
3 0.019091836 1.5 56.92041522 
3 0.019556179 2 56.92041522 
3 0.02011803 2 56.92041522 
3 0.020124518 1.5 56.92041522 
3 0.020224212 2 56.92041522 
3 0.020408872 5 56.92041522 
3 0.021196215 2 56.92041522 
3 0.021916749 1.5 56.92041522 
3 0.022262196 2 56.92041522 
3 0.023172652 2 56.92041522 
3 0.023770219 2 56.92041522 
3 0.024232313 2 56.92041522 
3 0.024852711 1.5 56.92041522 
3 0.025484322 2 56.92041522 
3 0.027471044 2 56.92041522 
3 0.027639103 3 56.92041522 
3 0.029217 2 56.92041522 
3 0.030426687 2 56.92041522 
3 0.030437132 2 56.92041522 
3 0.030771659 2 56.92041522 
3 0.030918039 2 56.92041522 
3 0.031433523 2 56.92041522 
3 0.031523493 2 56.92041522 
3 0.033347193 1.5 56.92041522 
3 0.033699918 2 56.92041522 
3 0.033927695 2 56.92041522 
3 0.034880265 2 56.92041522 
3 0.035115968 1.5 56.92041522 
3 0.035175489 2 56.92041522 
3 0.035175489 1.5 56.92041522 
3 0.036701367 2 56.92041522 
3 0.036887223 2 56.92041522 
3 0.037271395 2 56.92041522 
3 0.038432678 2 56.92041522 
3 0.038805574 2 56.92041522 
3 0.038839833 9 56.92041522 
3 0.039133275 2 56.92041522 
3 0.039282348 2 56.92041522 
3 0.039518504 2 56.92041522 
3 0.039951642 1.5 56.92041522 
3 0.039968989 1.5 56.92041522 
3 0.040197405 2.5 56.92041522 
3 0.0412513 2 56.92041522 
3 0.041265355 2 56.92041522 
3 0.041553256 2 56.92041522 
3 0.04264095 2 56.92041522 
3 0.042857455 2 56.92041522 
3 0.042966036 2.5 56.92041522 
3 0.044020535 1.5 56.92041522 
3 0.044771666 2 56.92041522 
3 0.045911759 2 56.92041522 
3 0.046091107 2 56.92041522 
3 0.046187071 2.5 56.92041522 
3 0.047438773 2 56.92041522 
3 0.048192257 6 56.92041522 
3 0.048410489 2 56.92041522 




3 0.048508355 2 56.92041522 
3 0.05051579 1.5 56.92041522 
3 0.050567784 1.5 56.92041522 
3 0.051571807 2 56.92041522 
3 0.051927611 2 56.92041522 
3 0.052871515 2 56.92041522 
3 0.05387299 4 56.92041522 
3 0.05389235 1.5 56.92041522 
3 0.054149519 2.5 56.92041522 
3 0.054382331 2 56.92041522 
3 0.05595298 2 56.92041522 
3 0.056559576 2 56.92041522 
3 0.056618894 5 56.92041522 
3 0.059719235 2 56.92041522 
3 0.060624622 2 56.92041522 
3 0.061368946 6 56.92041522 
3 0.061405426 2 56.92041522 
3 0.062520357 9 56.92041522 
3 0.062927482 2 56.92041522 
3 0.066108321 2 56.92041522 
3 0.067064231 2 56.92041522 
3 0.067463925 2 56.92041522 
3 0.0681281 2 56.92041522 
3 0.070598582 2.5 56.92041522 
3 0.070919604 2 56.92041522 
3 0.072320662 2 56.92041522 
3 0.072570693 5 56.92041522 
3 0.073331273 6 56.92041522 
3 0.073349151 2 56.92041522 
3 0.073951318 2 56.92041522 
3 0.074023538 2 56.92041522 
3 0.075162269 2 56.92041522 
3 0.075772558 1.5 56.92041522 
3 0.076161361 2 56.92041522 
3 0.076776301 2 56.92041522 
3 0.079764968 2 56.92041522 
3 0.080441193 2 56.92041522 
3 0.082691716 1.5 56.92041522 
3 0.082805904 2.5 56.92041522 
3 0.083213528 1.5 56.92041522 
3 0.083520972 1.5 56.92041522 
3 0.086340191 2 56.92041522 
3 0.087624435 2 56.92041522 
3 0.087968773 6 56.92041522 
3 0.088132212 2 56.92041522 
3 0.089399596 1.5 56.92041522 
3 0.09489244 2 56.92041522 
3 0.096656842 2 56.92041522 
3 0.097845035 2 56.92041522 
3 0.097969851 3 56.92041522 
4 0.10209236 1.5 4.498269896 
4 0.10831711 2 4.498269896 
4 0.109814866 2 4.498269896 
4 0.114662908 2 4.498269896 
4 0.117683913 2 4.498269896 
4 0.130787907 2 4.498269896 
4 0.153480551 2.5 4.498269896 
4 0.154655348 2 4.498269896 
4 0.156926146 2 4.498269896 
4 0.182055281 2 4.498269896 
4 0.188143219 4 4.498269896 










Figure 6A: Important calculations for .txt file conversion of complete dataset 
  









𝐺𝑟𝑜𝑢𝑝 1 = 𝐿𝑅𝑅 ≤  −0.1 
𝐺𝑟𝑜𝑢𝑝 2 =  −0.1 < 𝐿𝑅𝑅 ≤ 0 
𝐺𝑟𝑜𝑢𝑝 3 = 0 < 𝐿𝑅𝑅 ≤ 0.1 
𝐺𝑟𝑜𝑢𝑝 4 = 0.1 < 𝐿𝑅𝑅 
𝐺𝑟𝑜𝑢𝑝(𝑋) 𝑃𝐶𝑇 =  ∑ 𝑤𝑟𝑒𝑝%  𝑓𝑜𝑟 𝑔𝑟𝑜𝑢𝑝(𝑋) 
 











Figure 8A: Bootstrap histogram genertaed by OpenMEETM 
 
